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yet many models assume that they are. This paper proposes and estimates a model in 
which these two variables depend on an unobserved credit cycle, modelled by a two-
state Markov chain. The proposed model is shown to produce a better fit to observed 
recoveries than a standard static approach. The model indicates that ignoring the 
dynamic nature of credit risk could lead to a severe underestimation of e.g. the 95% 
VaR, such that the actual VaR could be higher by a factor of up to 1.7. Also, the model 
indicates that the credit cycle is related to but distinct from the business cycle as e.g. 
determined by the NBER, which might explain why previous studies have found the 
power of macroeconomic variables in explaining default probabilities and recoveries to 
be low. 
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1 Introduction

In many first-generation commercial credit risk models, the default rate (the percentage

of defaulting firms in each period) and recovery rates (the fraction of the face value of

a bond that is recovered in case there is a default on the bond issue) are assumed

to be independent. This is the case e.g. in J.P. Morgan’s CreditMetricsTM (Gupton,

Finger, and Bhatia, 1997) model. Alternatively, the models treat the recovery rate as

a constant parameter, e.g. in CSFB’s CreditRisk+TM (1997) model.

There is evidence, however, that periods of high recoveries are associated with low

default rates and low recovery periods are associated with high default rates (Altman,

Brady, Resti, and Sironi, 2005; Frye, 2000, 2003; Hu and Perraudin, 2002). From a

pricing as well as a risk management perspective, it therefore seems unreasonable to

assume that default rates are independent of recovery rates.

This has led to a second generation of credit risk management models that take

into account the covariation of default rates and recovery rates, e.g. Standard & Poor’s

LossStatsTMand KMV Moody’s LossCalcTM(Gupton and Stein, 2002).

Often, it is informally argued that both variables reflect the state of economy, i.e.

the business cycle.1 This paper formalizes a very similar idea, which is that both

variables depend on the credit cycle. We propose a model that uses only the default

rate and recovery rate data to draw conclusions about the state of the credit cycle,

which is treated as an otherwise unobserved variable,2 whose dynamics are described

by a two-state Markov chain.

This model is tested in various ways, and shown to be a reasonable representation

of the data. Integrating information about industry and seniority, we show how the

model can be used to calculate loss distributions for portfolios. Allowing for dependence

between default probabilities and recovery rates via the state of the credit cycle can

increase e.g. the 95% VaR of a given portfolio by a factor of up to 1.7, and even in credit

upturns, the VaR can increase by a factor of up to 1.3. Altman, Brady, Resti, and Sironi

(2005) obtain a very similar difference in VaRs on the basis of a hypothetical simulation

exercise; we can confirm on the basis of our estimated model that their numbers are

1Additionally, Acharya, Bharath, and Srinivasan (2005) find that the condition of the industry is
important.

2In spirit, this is closest to the analysis of Frye (2000), although he proceeds in the context of an
essentially static model based on Vasicek (1987).
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very, very plausible.

The difference in VaRs is economically significant, and should be taken into account

e.g. by banks attempting to implement the Advanced Internal Ratings-Based Approach

of Basel II, under which they can calculate their own default probabilities and estimates

of loss given default. We propose that banks use unconditional probabilities of being

in a credit upturn or downturn for calculating capital requirements in the context of a

dynamic model such as the one we present. This would take into account the dynamic

nature of credit risk, as well as ensuring that capital requirements are not cyclical.

We compare our credit downturns to recession periods as determined by the NBER.

The begin of our credit downturns typically precede the start of a recession, and continue

until after the end of a recession (see e.g. figure 2). This indicates that the credit cycle

is related to, but distinct from the macroeconomic cycle. We argue that this explains

why previous studies have found that macroeconomic variables explain only a small

proportion in the variation of recovery rates (Altman, Brady, Resti, and Sironi, 2005).

The increase in risk associated with negatively correlated default frequencies and

recovery rates is likely to have an effect on pricing, and might (at least in part) explain

the “corporate spread puzzle” (see e.g. Chen, Collin-Dufresne, and Goldstein, 2006).

This will be explored in future versions of this paper.

The rest of this paper is structured as follows: The model is presented in section

2. In section 3 we describe the data set used. Section 4 discusses the estimation

and various tests, and section 5 explores the implications for credit risk management.

Finally, section 6 concludes.

2 The model

We allow default probabilities and recovery rates to be related by letting them both

depend on the state of the credit cycle. Conditional on the cycle, default probabilities

and recovery rates are independent. The state of the cycle will be assumed to be

described by an unobserved two-state Markov chain. In each state we have a different

default probability, i.e. there will be a parameter describing the default probability

in an upturn, and a parameter describing the default probability in a downturn. The

number of defaults will be binomially distributed according to these probabilities. For

each default, a recovery rate will be drawn from a density that depends on the state, and
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also on issuer characteristics (industry) and bond characteristics (seniority). Sometimes,

firms default on issues with different seniorities simultaneously, so we also need to specify

how recoveries on these issues are then drawn simultaneously.

The parametric density chosen for the marginal density of recovery rates is the beta

density, which is often used by practitioners (see e.g. Gupton and Stein, 2002). Beta

distributions are well suited to modelling recoveries, as they have support [0, 1], and in

spite of requiring only two parameters (α and β) are quite flexible.

As a consequence of having probabilities of being in an upturn or downturn of the

credit cycle, the particular density describing possible recoveries at any particular point

in time will be a mixture of the two different beta densities for the two different states,

with the mixing probabilities being given by the probabilities of being in either state.

This gives considerably more flexibility in matching observed unconditional distribu-

tions of recovery rates, and is in some sense similar to the nonparametric kernel density

approach of Renault and Scaillet (2004).3

An advantage of making parametric assumptions is that estimation via maximum

likelihood procedures is possible. Here, we proceed by employing a slightly modified

version of the method proposed by Hamilton (1989).

2.1 The likelihood function

Let dt be the number of defaulted firms observed in t. Firms will be indexed by i. Each

firm might have issues of different seniority classes, which we index by c (c ranges from

1 to C).

Let Yt be a matrix of dimension dt ×C containing observations on the dt defaulted

firms, one row per firm, for all different seniority classes c. Denote the typical element

as ytic, and denote each row in this matrix as yti..

We treat situations in which one firm defaults on several different issues, possibly

with different seniorities, within a given period indexed by t as a single default event.

Then our objective is to maximize the following likelihood function

L =
T∑

t=1

log f(Yt, dt|Ωt−1), (1)

3It is similar in the sense that we are also using a mixture of beta distributions. The difference is
that obviously, a kernel density estimator will mix over a much larger number of densities (equal to
the number of observations), with mixing probabilities constant and equal across the kernel densities.
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where Ωt−1 is all information available at t − 1, which includes observed defaults up

to that point. Note that we have made explicit that there is information in both the

matrix of recoveries Yt and the number of its rows, dt, about the state, i.e. identification

of the state is obtained through both the number of defaults and recoveries.

Letting s denote state (s = 1 denotes credit upturn and s = 0 denotes credit

downturn), we can then write

f(Yt, dt|Ωt−1) = f(Yt, dt|st = 1, Ωt−1) Pr(st = 1|Ωt−1)

+ f(Yt, dt|st = 0, Ωt−1) Pr(st = 0|Ωt−1). (2)

Assume that the values of the recovery rates in the rows of Yt, yti., are independent

of dt conditional on the state. Once the state is known, the number of defaults does not

contain information about the likely values of recoveries, and the values of recoveries

do not contain information about the likely number of defaults. This assumption is of

course crucial, and its validity will be examined below (see section 4).

The assumption of conditional independence allows us to write

f(Yt, dt|Ωt−1) = f(Yt|st = 1, Ωt−1) Pr(dt|st = 1, Ωt−1) Pr(st = 1|Ωt−1)

+ f(Yt|st = 0, Ωt−1) Pr(dt|st = 0, Ωt−1) Pr(st = 0|Ωt−1). (3)

The contribution to the likelihood function of a given period is given by the sum of two

products, one for each state. The components of these products are the state-conditional

density function of the observed recovery rates, the state-conditional probability of the

number of defaults and the probability of being in that state. These components are

now described separately.

2.1.1 State-conditional recoveries

The density function of the observed recovery rates can be simplified if we assume that

(conditional on the state) recoveries of different firms of the same period are independent

draws from the same distribution. This means that recoveries on different default events

(as defined above) are independent. Again, this conditional independence assumption

allows us to factorize, so the conditional densities can now be written as

f(Yt|st = j, Ωt−1) =
dt∏

i=1

f(yti.|st = j, Ωt−1) (4)
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Both of these conditional independence assumptions (independence of dt and the

value of recoveries, and independence of recoveries of different firms) imply that the

dependence between the number of defaults, and the recoveries, and the dependence

between defaults of two firms is entirely driven by the state of the business cycle.

We allow the parameters of our marginal distributions of recovery rates to vary

according to state j, seniority class c and industry k. The marginal density is assumed

to be given by

f(ytic|st = j, Ωt−1) =
1

B(αjck, βjck)
y

αjck−1
tic (1 − ytic)

βjck−1 (5)

where the parameters vary according to state j, seniority class c and industry k. This

does not address the dependence structure across seniority classes (for the same default

event), however.

Clearly, recoveries across different seniority classes but for the same default event

cannot be assumed to be independent. It is likely that a high firm-level recovery implies

higher instrument-level recoveries, and that therefore recoveries on instruments issued

by the same firm but with different seniorities exhibit positive dependence. Also, it

would be natural to expect that higher seniority classes observe a higher recovery. As

it turns out, in the data, it is relatively frequently the case that higher seniority classes

recover less than the lower seniority classes.

In the absence of a model that relates firm-level recoveries to instrument-level re-

coveries (see e.g. Carey and Gordy, 2004, for a discussions of some of the issues), we

propose the relatively simple assumption that the dependence structure of recovery

rates across different seniority classes for the same firm is given by a Gaussian copula,

such that we can specify a correlation matrix of recoveries across seniority classes. We

do not impose a dependence structure that implies that higher seniority will always

recover more, since this is not what we observe in the data.4

2.1.2 State-conditional number of defaults

The probability of observing dt defaults is binomial (conditional on the state). Let Nt

be the number of (defaulted and non-defaulted) firms observed in period t and rj the

4We considered conditioning recoveries of junior classes on the observed recoveries in senior classes
via different ways of truncating densities. This did not lead to a better fit of the model, and in general
complicated testing.
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default probability in state j. Then we can calculate the probability of observing dt in

state j as

Pr(dt|st = j, Ωt−1) =

(
Nt

dt

)
rNt
j (1 − rj)

Nt−dt (6)

2.1.3 Probabilities of the states

Finally, the probability of being in one state can be derived from the total probability

theorem. Obviously,

Pr(st = 1|Ωt−1) = Pr(st = 1|st−1 = 1, Ωt−1) Pr(st−1 = 1|Ωt−1)

+ Pr(st = 1|st−1 = 0, Ωt−1) Pr(st−1 = 0|Ωt−1).

To shorten notation, let p denote the transition probability of state 1 to state 1 (Pr(st =

1|st−1 = 1, Ωt−1)), and q denote the transition probability of state 0 to state 0 ((Pr(st =

0|st−1 = 0, Ωt−1))), which will be the two parameters in our Markov chain, we can write

Pr(st = 1|Ωt−1) = p Pr(st−1 = 1|Ωt−1) + (1 − q) Pr(st−1 = 0|Ωt−1)

= (1 − q) + (p + q − 1) Pr(st−1 = 1|Ωt−1) (7)

The probability Pr(st−1 = 1|Ωt−1) can be obtained via a recursive application of Bayes’

rule:

Pr(st−1 = 1|Ωt−1) =

f(Yt−1|st−1 = 1, Ωt−2) Pr(dt−1|st−1 = 1, Ωt−2) Pr(st−1 = 1|Ωt−2)

f(Yt−1|Ωt−2)
(8)

Note that this specification is consistent with the existence of periods without obser-

vations (periods of time in which there are no defaults and hence no recoveries are

observed). In this case, the conditional densities in [3] will disappear and the contribu-

tion to the likelihood function of this period will take into account only the number of

defaults, not the recovery rates:

f(Yt|Ωt−1) = Pr(st = 1|Ωt−1) Pr(dt|st = 1, Ωt−1)

+ Pr(st = 0|Ωt−1) Pr(dt|st = 0, Ωt−1) (9)
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3 Data

The data is extracted from the Altman-NYU Salomon Center Corporate Bond Default

Master Database. This data set consists of more than 2,000 defaulted bonds of US

firms from 1974 to 2005. Each entry in the database lists the name of the issuer of the

bond (this means that we can determine its industry as described by its SIC code), the

seniority of the bond, the date of default and the price of this bond per 100 dollars of

face value one month after the default event.

Typically, the database contains the prices of many bonds for a given firm and

seniority class on a given date, so we need to aggregate. We do this by taking weighted

averages (weighted by issue size).5

We also aggregate data across time into periods corresponding to calendar years.

We assume that a default of the same firm within twelve months of an initial default

event (e.g. in December and then March of the following year) represent a single default

event.

We calculate the recovery rate as the post-default price divided by the face value.

Some of the recovery rates calculated in this way are larger than 1. This probably

reflects the value of coupons. We scale the recovery rates by a factor of .9 to ensure

that our observations lie in the support of the beta distribution.

The data set does not contain the total size of the population of firms from which

the defaults are drawn. This variable is necessary in order to calculate the probability of

observing dt defaults in [6]. To determine the population size we use default frequencies

as reported in Standard & Poor’s Quarterly Default Update from May 2006 (taken from

the CreditPro Database). Dividing the number of defaulting firms in each year in the

Altman data by Standard & Poor’s default frequency, we can obtain a number for the

total population of firms under the assumption that both data sets track the same set

of firms. The available default frequency data ranges from 1981 to 2005, so we lose

observations from periods 1974-1980. However, these years cover only 9 observations

in the Altman data.

After these adjustments, the final data set contains 1,078 observations. Descriptive

statistics for these observations are presented in Tables 1 to 3.

Table 1 reports the yearly statistics of our adjusted data set. The first column

5This is something commonly used in the literature. See for example Varma and Cantor (2005).
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shows the annual default frequencies as reported by Standard & Poor’s, while the other

columns refer to the main data set, containing the number of observations per year

and their means and standard deviation. It can already be seen that typical recession

years (as published by the NBER: 1990-91 and 2001) show higher default frequencies

and lower recoveries than years of economic expansion. This will of course play an

important role below.

Tables 2 and 5 report the number of observations and the mean and standard

deviation of recoveries classified by seniority and industry respectively. These are in line

with those reported in other papers, although on average recoveries are slightly lower

here. In Table 2, it is shown that mean recovery increases with increasing seniority,

while standard deviation remains more or less constant across seniorities. In Table 5,

we see that the mean recovery is highest for utilities and lowest for telecoms.

4 Estimation and tests

We present estimates for several versions of the model. Ultimately, we are interested

in constructing a model that takes into account the effects of the credit cycle, industry

and seniority. Initially, however, we examine how well the model does using only the

assumption about state dependence, ignoring the effects of industry and seniority (i.e.

we look at a version of the model where marginal recovery rate distributions do not

vary according to industry and seniority). Also, to sidestep the issue of dependence of

recoveries on issues of the same firm, but with different seniorities, we initially drop all

default events for which we observe recoveries on more than one seniority (the remaining

observations are roughly representative of the whole sample). We estimate a basic static

model, in which recovery rate distributions and default probabilities do not depend on

the state, and contrast this with a basic dynamic model in which both recovery rate

distributions and default probabilities are state dependent.

We then proceed towards a model that takes into account industry and seniority.

Since we do not have a sufficient number of default events for every possible combination

of industry, seniority and state of the credit cycle, however, we will need to aggregate

industries into broad groups.

In order to check that the aggregation is reasonable, we first allow marginal dis-

tributions to vary across industries only, and check which industries can be grouped.
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Next, we allow marginal distributions to vary across seniorities only. We can then look

at the dependence of recoveries on issues of the same firm but with different seniorities.

For this we need to add the observations dropped at the earlier stage back in, and look

at the full data set.

Finally, we combine information on industry and seniority to construct the dynamic

industry/ seniority model. This will be contrasted with a static industry/ seniority

model.

At the various stages, different tests will be performed.

4.1 Basic model

4.1.1 The basic static model

In the static model recovery rate distributions and default probabilities do not depend

on the state. We also ignore industry and seniority. We estimate on the sub-sample of

observations for which we do not observe recoveries across different seniorities for the

same firm.

Estimates of this model are provided in Table 6. With the estimated distribution

parameters we obtain an implied mean recovery of 37%.6 The default probability in

this static case is found by taking the average of all the default frequencies in our data

set and it is equal to 1.47%.

4.1.2 The basic dynamic model

In the basic dynamic model recovery rate distributions and default probabilities depend

on the state, but we ignore industry and seniority. We estimate on the sub-sample of

observations for which we do not observe recoveries across different seniorities for the

same firm.

The estimated parameters are reported in tables 6 and 7. Average recoveries are

much lower in downturns (31% versus 47%), and default probabilities are higher (2.69%

versus 0.86%).

We test whether the estimated parameters values for downturns are significantly

different from the estimated parameter values for upturns via likelihood ratio tests: We

6The mean of a beta distribution with parameters α and β is α
α+β . Note that we also have to divide

the resulting number by 0.9 in order to undo the scaling adjustment.
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first test whether the recovery rate distribution parameters parameters are different,

and then test whether the default probabilities are different. The p-value are less than

0.01% for both tests, so that the null hypothesis of no difference across states is rejected

both for recovery rate distributions and default probabilities. The credit cycle matters.

We can also compare the integrated squared error (ISE) between more flexible beta

kernel density estimates (Renault and Scaillet, 2004) and our dynamic and static recov-

ery rate density estimates respectively. To make this comparison straightforward, we

pick periods for which the smoothed probabilities of being in a downturn or an upturn

are unambiguous (i.e. either 1 or 0 respectively). These ISEs are presented in Table 8.

It can be seen that that the ISE for the static model is between 5 and 11 times larger,

indicating that the beta distributions indicated by the static model are much further

away from the empirical density (the beta kernel density estimate) than the densities

estimated on the basis of our dynamic model.

A more complete method for evaluating density forecasts was proposed by Diebold,

Gunther, and Tay (1998), described in the appendix, section A. The basic idea is

that applying the probability integral transform based on the predicted (filtered) dis-

tributions to the actual observations (the recovery rates in our case) should yield an

i.i.d.-uniform series (the PIT series) under the null hypothesis that the density forecasts

are correct. Departures from uniformity are easily visible when plotting histograms, and

departures from i.i.d. are visible when plotting autocorrelation functions of the PIT

series.

Examining the histograms and correlograms of the transformed series (see figures

3 to 6) indicates that both models seem to get the marginal distribution wrong (as

indicated by the histogram), but that the dynamic model is much better at explaining

the dynamics of the recovery rate series (as indicated by the correlogram). It is likely

that the high positive autocorrelation visible in the PIT series of the static model is due

to the fact that recoveries depend on the state of the credit cycle, which is persistent.

This is of course ignored by the static model.7

We also plot the (smoothed) probabilities of being in the credit downturn over time

and compare these to NBER recession dates in figure 1. As can be seen, the credit cycle

7We also test that the unconditional distribution of the PIT series is uniform via a Kolmogorov-
Smirnov test, and obtain p-values of 2.32% for the basic static model, and 6.38% for the basic dynamic
model respectively. Note that these p-values are strictly speaking incorrect because they ignore pa-
rameter uncertainty.
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had two major downturns, around the recession of the early 90s and around 2001, but in

each case, the credit downturn started well before the recession and ended after it. To

emphasize this point, we also estimate the model on quarterly data. The resulting plot

(figure 2) shows this difference between recessions and credit downturns more clearly.8

This difference between the credit cycle and the business cycle might explain the low

explanatory variable of macroeconomic variables documented by Altman, Brady, Resti,

and Sironi (2005).

We also examine our assumption that recoveries and default probabilities are inde-

pendent conditional on the state of the credit cycle (see equation 3). We regress annual

mean recoveries on default rates for the whole sample. The coefficient is significantly

different from zero at 5% (the correlation between the two variables is -0.43). We also

run two regressions separately in the two subsamples given by the periods for which

the smoothed probabilities of being in a credit upturn or downturn are unambiguous

(i.e. either 1 or 0). The coefficients of the regressions in the two sub-samples are not

significantly different from zero at 5% (the correlations are 0.47 in upturns and -0.12

in downturns). This seems to support our assumption.

4.2 Adding information on industry

We now let the parameters of the recovery rate density depend on industry, as well as

on the unobserved credit cycle. We have 12 industries, which implies that we need to

estimated 48 recovery rate distribution parameters (2 states, 12 industries, 2 parame-

ters per beta distribution), 2 transition probabilities and 2 default probabilities. The

estimated parameters of the recovery rate distributions are provided in Table 10. The

implied mean recoveries are reported in Table 11. Transition and default probability

estimates are virtually identical to the estimates in the basic model and therefore not

reported.

As discussed, in order to construct a combined industry / seniority model, due to

data limitations, we will have to aggregate. We aggregate industry into three groups:

1. Group A: Financials, Leisure, Transportation, Utilities

2. Group B: Consumer, Energy, Manufacturing, Others

8The “semi-downturn” of 1986 consists mostly of defaulting oil companies. It is probable that this
is related to the drop in oil prices at the time.
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3. Group C: Building, Mining, Services, Telecoms

For the given sample, these groupings roughly correspond to industries with high,

medium and low mean recovery rates respectively. We test whether the parameters

of the recovery rate distribution are significantly different within these groups (i.e.

whether it the groupings are reasonable). The p-value of the likelihood ratio test is

0.10, which indicates that the null of the same parameters within the groups cannot be

rejected at conventional levels of significance.

4.3 Adding information on seniority

We now estimate a model in which the parameters of the recovery rate densities depend

on the state of the credit cycle and seniority (and ignore industry for the time being).

We observe 4 different categories of seniority (Senior Secured, Senior Unsecured, Senior

Subordinated, Subordinated). The estimated recovery rate parameters are shown in

Table 13. The mean recovery rates implied by these parameters are reported in Table

14. We observe that although senior secured bonds have a higher recovery in upturns on

average (52%), they have very similar (low) recoveries to bonds of all other seniorities in

downturns (29%). As has been pointed out by Frye (2000), this might have important

consequences for risk management, as instruments that are though of as “safe” turn

out to be safe only in good times.

Again, transition and default probability estimates are virtually identical to those

in the basic model and therefore not reported.

4.3.1 Dependence across seniorities

So far we have dealt only with observations for which we do not observe several re-

coveries across different seniorities for the same firm, which we now add back in. It

is unreasonable to assume that these observations of recoveries represent independent

draws. As described above, letting our marginal recovery rate densities be beta densities

as before, we model this dependence with a Gaussian copula.

In order to estimate this dependence, we add the observations of default events for

which we observe recovery rates across instruments of different seniorities back in. For

these observations, seniority seems to mean something quite different, as can be seen

from comparing Table 3 and 4. One explanation for this would be that recovery on a
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bond that is labelled as “senior unsecured” (for example) depends not so much on this

label, but much more on whether or not there exists a cushion of junior debt.

Since categories of seniority seem to have a very different meaning when we observe

recoveries across instruments of different seniorities, we allow the parameters of our

marginal recovery rate densities for a given seniority to be distinct for the cases where

either recovery only on a single seniority is observed, or whether recovery is observed

on more than one seniority.

The estimated parameters of the marginal beta densities are reported in Table 15,

and the estimated correlation matrix is presented in Table 16.

Implied mean recoveries of this model are presented in Table 17. We can see that

junior debt recovers less and senior debt recovers more for default events for which we

observe recoveries for more than seniority. For example, in an upturn, Senior Unsecured

debt would recover (on average) 46% and Subordinated debt would recover 34% if

recoveries are observed on more than one seniority, whereas they would recover (on

average) 42% and 37% respectively if recovery was only observed on a single seniority.

At 5% significance, only the correlations between Senior Unsecured, Senior Subor-

dinated and Subordinated seniorities are significantly different from zero. These cor-

relations are positive, indicating that a high recovery on e.g. Senior Unsecured debt

for a defaulting firm indicates a likely high recovery on its Senior Subordinated Debt.

The recovery on Senior Secured debt seems to be less strongly related to recoveries

on different seniorities. This could reflect that the existence of a junior debt cushion

matters less, and the quality of the collateral matters more for Senior Secured debt.

4.4 The industry / seniority dynamic model

Having decided on groupings of industries such that we now have a sufficient amount

of data for each possible combination of seniority group, industry group, and state

of the business cycle, we are now in a position to estimate a combined industry /

seniority model. The recovery rate density parameters are in tables 18 and 19, again

the transition and default probability parameters are virtually identical to the ones in

the basic model.

For comparison purposes, we also estimate a static industry / seniority dynamic

model, which is identical with the dynamic industry / seniority model except for the

fact that the static model ignores the credit cycle. We calculate the PIT series for both
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models, and plot histograms and correlograms in figures 7, 8, 9, and 10. We can see

that the unconditional distributions seem to be closer to uniformity, suggesting that

taking into account industry and seniority helps in describing distributions of recovery

rates. Looking at the correlograms, it is also apparent, however, that the static version

of the industry / seniority model is again unable to explain the dynamics of recovery

rates. We conclude that allowing the parameters of the density of recoveries to depend

on the credit cycle allows for a better match of the empirically observed recovery rates.9

5 Implications for risk management

Altman, Brady, Resti, and Sironi (2005) suggest that a correlation between default

rates and recovery rates can imply much higher VaR numbers than those implied by

independence between these two variables. In a completely static model, they compare

VaRs calculated in the case of independence, and in the case of perfect rank correlation

between default rates and recovery rates.

We are in a position to calculate the loss distributions and statistics of loss distri-

butions (such as the VaR) implied by our estimated model; i.e. taking into account the

estimated degree of dependence between default probabilities and recovery rates, which

in our case is driven entirely by the credit cycle.

We calculate (by simulation of 10,000 paths) the one-year loss distribution of a hy-

pothetical portfolio of 500 bonds. For this calculation, we have to chose the probability

that we attach to being in a credit downturn today. We examine cases with this prob-

ability being equal to one (we know that we are in a downturn today), zero (we know

that we are in an upturn today) and 33.5%, which corresponds to the unconditional

probability of being in a downturn, given our estimated transition probabilities. This

means that we are calculating loss distributions from the point of view of a manager

that has no information about the state of the credit cycle.

Comparing the basic static model and the basic dynamic model (i.e. ignoring indus-

try and seniority for the time being), we can see from Table 20 that the 95% VaR is a

2.39% loss on the portfolio assuming the world is dynamic as described in our model,

versus a 1.58% loss on the portfolio if we had assumed that the world is static. This is

9We also calculate a Kolmogorov-Smirnov test on the PIT series, and find a p-value of 9.91% for
the static model, and a p-value of 14.37% for the dynamic model. Note that the caveat mentioned
above applies.
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a very sizeable difference in risk. It arises because the dynamic model allows for credit

downturns, in which not only the default rate is very high, but also, the recovery rate

is very low. This amplifies losses vis-a-vis the static case.

Even supposing that we are in an upturn today, the dynamic model still produces

a 95% VaR of 1.96%, which is larger than the static VaR because even though we are

in an upturn today, we might go into a credit downturn tomorrow, with higher default

rates and lower recoveries.

The loss density implied by the dynamic model based on the unconditional proba-

bility of being in a downturn is compared to the loss density implied by the static model

in figure 11. The dynamic model loss density is bimodal, reflecting the possibility of

ending up either in an upturn with low default probabilities and high recoveries, or

ending up in a downturn, with high default probabilities and low recoveries. As can be

seen, the tail of the loss distribution implied by the dynamic model is much larger.

We also show this comparison for the case of assuming that we are in an upturn

today in figure 12. It can be seen that even being in an upturn today, the possibility of

going into a downturn tomorrow produces a bimodality in the loss distribution (albeit

smaller) implied by the dynamic model, and a larger tail than that produced by the

static model.

Looking at our industry / seniority model, we can see that the underestimation of

the VaR of the static model seems to be most pronounced for Group C, our low recovery

industries (including e.g. Telecoms), where the VaR based on the dynamic model can

be up to 1.7 times as large.

5.1 Procyclicality

Altman, Brady, Resti, and Sironi (2005) argue that estimates of loss given default

and of the default probability should be countercyclical, which would lead to capital

requirements calculated under the Basel II Internal Ratings-based Approach to be pro-

cyclical. Concretely, capital requirements should increase in credit downturns, as the

estimated loss given default and the default probability rise simultaneously. They note

that regulation should encourage banks to use “long-term average recovery rates” (and

presumably default probabilities) in calculating capital requirements to dampen the

procyclicality of capital requirements.

Looking at Table 20, we can see that indeed if banks were to use a dynamic model
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like the one presented here, capital requirements would be procyclical since the VaR

is higher for credit downturns. Our take on encouraging banks to use “long-term

average recovery rates” would be that banks should use a dynamic model, but use

unconditional probabilities of being in downturns to calculate capital requirements. In

this case, capital requirements would not be cyclical, but would still take into account

the dynamic nature of risk.

6 Conclusions

This paper formalizes the idea that default probabilities and recovery rates depend on

the credit cycle: it proposes a formal model that is estimated and found to fit the

data reasonably well in various ways. We demonstrate that taking into account the

dynamic nature of credit risk in this way implies higher risk, since default probabilities

and recovery rates are negatively related. The estimated credit downturns seem to start

much earlier and end later than the recessions as reported by the NBER, indicating

that the credit cycle is to some extent distinct from the business cycle, which might

explain why Altman, Brady, Resti, and Sironi (2005) find that macroeconomic variables

in general have low explanatory power for recovery rates. The paper shows that if banks

and regulators were to fully take into account the dynamic nature of credit risk this

would imply the cyclicality of capital requirements, as has been argued elsewhere. We

argue that using the estimated unconditional probabilities of being in credit downturn

based on a dynamic model such as the one presented here would meet the twin goals

of taking into account the dynamic nature of risk as well as ensuring that capital

requirements are not cyclical. Lastly, we hinted that the larger probabilities of large

losses implied by the dynamic model presented here might explain part of the corporate

spread puzzle. This issue will be examined in future versions of this paper.
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A The Diebold-Gunther-Tay test

Diebold, Gunther, and Tay (1998) propose a test (DGT test) for evaluating density

forecasts. The basic idea is that under the null hypothesis that these forecasts are

equal to the true densities (conditioned on past information), applying the cumulative

distribution function to the series of observations should yield a series of iid uniform-

[0, 1] variables. Whether the transformed variables are iid uniform can be tested in

various ways, e.g. via a Kolmogorov-Smirnov test. Departures from uniformity or

iid are easily visible by looking at histograms and autocorrelation functions of the

transformed series.

In order to apply the DGT test to our predicted recovery rate densities, we create

a vector y† with typical element y†t = vec
(
Yt

T
)
. For each element in the vector, we

can now create a density forecast from our estimated model which conditions on all

previous elements in this vector, and uses the filtered state probabilities. Due to our

independence assumptions, this is mostly straightforward (most previous elements do

not enter the conditional distributions). A slight complication arises due to the as-

sumption of a Gaussian copula between recoveries of the same firm but across different

seniorities. For these observations, conditional densities can easily be calculated via the

conditional Gaussian distribution, though.

Applying the cumulative distribution function associated with these density fore-

casts to the vector y† yields a vector of transformed variables which we call z. Under

the null hypothesis that the density forecasts are correct, the elements of z should be

an iid uniform series. Serial correlation of the series would indicate that we have not

correctly conditioned on the relevant information. A departure from uniformity would

indicate that the marginal distributions are inappropriate.
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B Tables and Figures

B.1 Descriptive Statistics Tables

Year
Default

frequency
Number of

observations
Mean

Recovery
Standard
Deviation

1981 0.14% 1 12.00 -
1982 1.18% 12 39.64 14.27
1983 0.75% 5 48.24 20.35
1984 0.90% 11 48.88 16.59
1985 1.10% 14 48.17 21.28
1986 1.71% 26 35.19 18.16
1987 0.94% 19 52.89 27.05
1988 1.42% 35 37.19 20.33
1989 1.67% 41 43.55 28.29
1990 2.71% 81 25.49 21.80
1991 3.26% 94 40.37 26.27
1992 1.37% 37 51.50 24.02
1993 0.55% 21 37.58 19.61
1994 0.61% 16 43.77 24.88
1995 1.01% 24 43.76 24.69
1996 0.49% 18 43.59 23.79
1997 0.62% 23 54.95 23.76
1998 1.31% 32 46.55 24.52
1999 2.15% 94 30.29 19.92
2000 2.36% 112 28.03 23.81
2001 3.78% 137 24.71 18.05
2002 3.60% 100 29.78 16.69
2003 1.92% 58 39.24 23.48
2004 0.73% 35 50.59 24.13
2005 0.55% 32 58.71 23.41

This table reports some annual statistics of the sample used in
the paper. First column figures are default frequencies extracted
from Standard & Poor’s (2006). The other three columns are the
number of observations and the mean and standard deviation for
recovery rates.

Table 1: Recovery Rates Statistics by Year
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Seniority
Number of

observations
Mean

Recovery
Standard
Deviation

Senior Secured 210 42.26 25.76
Senior Unsecured 376 36.86 23.54
Senior Subordinated 334 32.73 23.66
Subordinated 158 34.17 23.00

This table reports the number of observations and the mean and
standard deviation of recovery rates in our sample classified by
seniority.

Table 2: Recovery rates by seniority

Seniority
Number of

observations
Mean

Recovery
Standard
Deviation

Senior Secured 158 40.11 23.90
Senior Unsecured 276 35.62 22.09
Senior Subordinated 226 33.69 23.29
Subordinated 90 37.91 20.21

This table reports the number of observations and the mean and
standard deviation of recovery rates in our sample classified by
seniority, for default events with recovery on instruments of a single
seniority only.

Table 3: Recovery rates by seniority (single seniority only)

Seniority
Number of

observations
Mean

Recovery
Standard
Deviation

Senior Secured 52 48.81 29.77
Senior Unsecured 100 40.30 26.85
Senior Subordinated 108 30.70 24.28
Subordinated 68 29.24 25.42

This table reports the number of observations and the mean and
standard deviation of recovery rates in our sample classified by
seniority, for default events with recoveries accross more than one
seniority only.

Table 4: Recovery rates by seniority (multiple seniorities only)
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Industry
Number of

observations
Mean

Recovery
Standard
Deviation

Building 15 32.19 30.32
Consumer 152 35.56 22.89
Energy 50 37.65 17.09
Financial 104 36.91 25.99
Leisure 53 46.03 27.77
Manufacturing 368 35.78 22.89
Mining 15 35.05 18.67
Services 76 33.41 25.83
Telecom 123 31.53 21.14
Transportation 66 38.99 24.01
Utility 23 46.93 28.14
Others 33 38.01 23.44

This table reports the number of observations and the mean and
standard deviation of recovery rates in our sample classified by
industry.

Table 5: Recovery rates by industry

B.2 Basic Model Tables

Static specification Dynamic specification
Downturn Upturn

α β α0 β0 α1 β1

1.4474 2.9288 1.4181 3.5990 1.9860 2.7241

This is the basic model (no industry and seniority), in
the static version (i.e. default probability and recovery
rate distribution are constant, there is no credit cycle)
and the dynamic version (default probability and re-
covery rate distribution depend on the credit cycle).

Table 6: Recovery rate density parameters (basic model)
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est. value 95% confidence interval
p 0.8707 0.6006 - 0.9679
q 0.7408 0.3645 - 0.9344
r0 0.0269 0.0246 - 0.0295
r1 0.0086 0.0076 - 0.0097

Table 7: Transition and default probabilities (basic model)

Basic dynamic model Basic static model
Downturn 0.0250 0.1370
Upturn 0.0204 0.2310

Only periods with probabilities of downturn / upturn
of one are considered. ISE =

∫ 1

0
(fm(x)− fe(x))2 dx,

where fm is the model density, and fe is the empirical
density (i.e. the beta kernel density estimate).

Table 8: Integrated Squared Error

p-value
Basic static model 0.0232
Basic dynamic model 0.0638

Table 9: Kolmogorov-Smirnov test of DGT-transformed recoveries
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B.3 Industry model tables

α0 β0 α1 β1

Building 0.8783 6.0405 2.9565 4.2768
Consumer 1.6379 3.4976 1.7818 2.8330
Energy 4.8878 8.4901 3.6112 5.7415
Financial 1.2534 1.7697 1.7054 2.1217
Leisure 1.7519 2.9508 1.4490 1.8521
Manufacturing 1.4409 4.0063 2.2361 2.7325
Mining 2.7132 7.1598 2.9327 3.6264
Services 0.9950 3.0480 2.6556 4.1652
Telecom 1.6347 5.2445 2.7992 5.0656
Transportation 2.1564 5.3268 1.3672 2.4168
Utility 1.0017 2.2649 3.3697 2.7382
Others 2.1649 5.6149 3.5737 4.5783

Table 10: Recovery rate density parameters (industry model)

Downturn Upturn
Building 0.1269 0.4087
Consumer 0.3189 0.3861
Energy 0.3654 0.3861
Financial 0.4146 0.4456
Leisure 0.3725 0.4389
Manufacturing 0.2645 0.4500
Mining 0.2748 0.4471
Services 0.2461 0.3893
Telecom 0.2376 0.3559
Transportation 0.2882 0.3613
Utility 0.3067 0.5517
Others 0.2783 0.4384

Table 11: Mean recoveries (industry model)
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Group A (High RR): Financial, Leisure, Transp., Utility
Group B (Medium RR): Consumer, Energy, Manuf., Others
Group C (Low RR): Building, Mining, Services, Telecom

The LR test for assuming that recoveries within these groups are
drawn from the same beta distributions has a p-value of 0.1003

Table 12: Groupings of industries

B.4 Seniority Model Tables

α0 β0 α1 β1

Senior Secured 1.5080 3.7242 2.8179 2.6014
Senior Unsecured 1.5872 4.1010 2.1664 2.9563
Senior Subordinated 1.2165 3.1425 1.4265 2.2403
Subordinated 1.6246 3.4969 2.8277 4.7524

Table 13: Recovery rate density parameters (seniority model)

Downturn Upturn
Senior Secured 0.2903 0.5225
Senior Unsecured 0.2844 0.4275
Senior Subordinated 0.2828 0.3954
Subordinated 0.3196 0.3720

Table 14: Mean recoveries (seniority model)
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B.4.1 Dependence across Seniorities

Single seniority only α0 β0 α1 β1

Senior Secured 1.4953 3.6863 2.8207 2.6349
Senior Unsecured 1.5809 4.0832 2.1788 2.9797
Senior Subordinated 1.2117 3.1484 1.4170 2.2870
Subordinated 1.4951 3.1791 2.8452 4.9285
Multiple seniorities only α0 β0 α1 β1

Senior Secured 1.3292 2.5514 5.8617 2.2875
Senior Unsecured 1.0724 2.4544 1.4327 1.6664
Senior Subordinated 0.8875 2.4601 1.1786 2.1021
Subordinated 0.6590 2.8774 1.5457 3.0064

Table 15: Recovery rate density parameters (Dependence across Seniorities Model)

S.Sec. S.Uns. S.Sub. Sub.
S.Sec. 1.0000
S.Uns. 0.2942 1.0000
S.Sub. 0.1935 0.5449 1.0000
Sub. -0.2427 0.4976 0.8008 1.0000

NOTE: None of the correlations involving
Senior Secured are different from zero at a
5% level of significance.

Table 16: Correlations of recoveries across different seniorities of the same firm
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Single seniority only Downturn Upturn
Senior Secured 0.2886 0.5170
Senior Unsecured 0.2791 0.4224
Senior Subordinated 0.2779 0.3826
Subordinated 0.3199 0.3660
Multiple seniorities only Downturn Upturn
Senior Secured 0.3425 0.7193
Senior Unsecured 0.3041 0.4623
Senior Subordinated 0.2651 0.3592
Subordinated 0.1864 0.3396

Table 17: Mean recoveries (Dependence across Seniorities Model)
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B.5 Industry / Seniority Model

Single seniority only α0 β0 α1 β1

Group A Senior Secured 1.3481 2.8525 2.9140 2.5464
Senior Unsecured 1.5668 2.5826 1.5688 2.9588
Senior Subordinated 1.7561 3.7186 0.9822 1.2307
Subordinated 1.0515 1.4742 2.6826 4.5252

Group B Senior Secured 2.0018 5.5988 2.9346 2.8156
Senior Unsecured 1.6957 4.2500 2.4316 2.8778
Senior Subordinated 1.2955 3.1757 1.6778 3.0337
Subordinated 2.1275 5.4169 2.5997 4.1187

Group C Senior Secured 1.3022 3.3210 1.5760 2.1701
Senior Unsecured 1.9317 7.0903 3.4871 5.4421
Senior Subordinated 0.9438 3.0932 1.8059 2.7522
Subordinated 1.3569 4.1573 2.5959 4.3902

Multiple seniorities only α0 β0 α1 β1

Group A Senior Secured 2.7358 2.8585 4.2663 1.9468
Senior Unsecured 0.9257 1.6984 1.2148 2.6416
Senior Subordinated 0.8376 2.4929 0.8468 1.3719
Subordinated 0.6408 2.5614 1.5556 3.4942

Group B Senior Secured 1.4238 4.5619 2.8220 1.7865
Senior Unsecured 1.1351 1.6423 2.2624 2.5336
Senior Subordinated 0.9744 2.7496 2.2301 4.7745
Subordinated 0.6795 3.1701 2.1047 5.7251

Group C Senior Secured 1.5581 3.4703 2.6236 1.2105
Senior Unsecured 0.9945 3.0158 4.7929 3.0807
Senior Subordinated 0.7572 1.3666 2.2040 2.5248
Subordinated 0.5384 1.2774 2.8524 3.6745

Table 18: Recovery rate density parameters (Industry / Seniority Model)
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S.Sec. S.Uns. S.Sub. Sub.
S.Sec. 1.0000
S.Uns. 0.4216 1.0000
S.Sub. 0.1606 0.5281 1.0000
Sub. -0.2429 0.6911 0.7595 1.0000

NOTE: None of the correlations involving
Senior Secured are different from zero at a
5% level of significance.

Table 19: Correlations of recoveries across different seniorities of the same firm

B.6 Risk implications

Static Dynamic specification
specification Upturn Unconditional Downturn

Basic model 0.0158 0.0196 0.0239 0.0263
Group A Senior Secured 0.0148 0.0194 0.0235 0.0260

Senior Unsecured 0.0155 0.0176 0.0214 0.0240
Senior Subordinated 0.0153 0.0189 0.0233 0.0258
Subordinated 0.0153 0.0166 0.0203 0.0227

Group B Senior Secured 0.0160 0.0209 0.0252 0.0280
Senior Unsecured 0.0159 0.0200 0.0245 0.0273
Senior Subordinated 0.0171 0.0196 0.0246 0.0272
Subordinated 0.0159 0.0202 0.0246 0.0276

Group C Senior Secured 0.0172 0.0203 0.0246 0.0275
Senior Unsecured 0.0184 0.0221 0.0268 0.0299
Senior Subordinated 0.0179 0.0215 0.0269 0.0294
Subordinated 0.0169 0.0216 0.0265 0.0288

Table 20: 95% VaR for some selected models.
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B.7 Figures
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This figure plots the annual smoothed probability of being in a credit down-
turn as estimated on the basis of the basic dynamic model (no industry and
seniority), assuming that the last quarter of 1981 was a credit downturn
with a probability corresponding to the unconditional probability of being
in a downturn. This is contrasted with NBER recessions (grey areas).

Figure 1: Probabilities of being in the credit downturn versus NBER recessions (annual)

31



1985 1990 1995 2000 2005

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

This figure plots the quarterly smoothed probability of being in a credit
downturn as estimated on the basis of the basic dynamic model (no in-
dustry and seniority), assuming that the last quarter of 1981 was a credit
downturn. This is contrasted with NBER recessions (grey areas).

Figure 2: Probabilities of being in the credit downturn versus NBER recessions (quar-
terly)

Figure 3: Histogram of the DGT-transformed recoveries - basic static model
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Figure 4: Correlogram of the DGT-transformed recoveries - basic static model

Figure 5: Histogram of the DGT-transformed recoveries - basic dynamic model
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Figure 6: Correlogram of the DGT-transformed recoveries - basic dynamic model
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Figure 7: Histogram of the DGT-transformed recoveries - full static model
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Figure 8: Correlogram of the DGT-transformed recoveries - full static model
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Figure 9: Histogram of the DGT-transformed recoveries - full dynamic model
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Figure 10: Correlogram of the DGT-transformed recoveries - full dynamic model
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This figure contrasts the simulated loss density (pdf), of the basic model
(no industry and seniority), for the static version (i.e. default probability
and recovery rate distribution do not vary with the credit cycle) and the
dynamic version (default probability and recovery rate distribution depend
on the credit cycle). For the dynamic model, the probability of being in a
credit downturn is assumed to be equal to the unconditional probability

Figure 11: Simulated loss density (unconditional)
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This figure contrasts the simulated loss density (pdf), of the basic model
(no industry and seniority), for the static version (i.e. default probability
and recovery rate distribution do not vary with the credit cycle) and the
dynamic version (default probability and recovery rate distribution depend
on the credit cycle). For the dynamic model, the probability of being in a
credit downturn is assumed to be equal 0.

Figure 12: Simulated loss density (upturn)
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This figure contrasts the simulated loss distribution (cdf), of the basic model
(no industry and seniority), for the static version (i.e. default probability
and recovery rate distribution do not vary with the credit cycle) and the
dynamic version (default probability and recovery rate distribution depend
on the credit cycle). For the dynamic model, the probability of being in a
credit downturn is assumed to be equal to the unconditional probability

Figure 13: Simulated loss distribution
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